This article presents a fast and efficient method for segmentation of liver tumors. The main focus of attention was set to comply with limitations in terms of runtime, hardware requirements and intuitive usability by the surgeon. Therefore a simple Region-Growing approach was considered which is satisfactory for liver-metastases, a frequent disease pattern. In order to achieve a high level of reliability, automated and optimized user correction possibilities were implemented.
Introduction
Liver-tumor is the third highest cause of death due to cancer [1] . In order to assess a correct diagnosis, Computed Tomography (CT) scans combined with contrast agents are widely used. Besides cancer follow-up, in which the growth of the tumor in a certain time period is evaluated, CT imaging-modality is particularly interesting for surgeons planning or simulating an intervention. Therefore segmentation of liver tumors from CT data has gained much attention over the last years [2] . The task of segmentation is to separate pathologic structures from surrounding tissue. This image-processing operation proved to be useful for preoperative studies in liver surgery, because important information about location and size of the tumors is gathered. This helps in calculating resection margins, which are considered as a clinical score in therapy outcome and recurrence of the disease [3] . In addition it is often necessary to analyze anatomical situations and obtain a 3D visualization including the liver to improve the orientation of the surgeon regarding the distance of resection margins to supplying branches of the vascular system. In order to take advantage of segmentation, a lot of methods were proposed to accomplish this task.
Semi-automatic Liver-Tumor Segmentation
State-of-the-art algorithms can be classified by the way the user has to interact in order to initialize the segmentation procedure. Of course the amount of interaction should be minimized to provide a clear advantage to interactive methods. High effort is necessary when using the method by Wong et al [4] . An approximate region of interest has to be provided by the user on every 2D-slice-image where the tumor is contained. Knowledge-based constraints filter out extraneous regions through the use of templates and landmarks. In another approach Moltz et al. [5] setup an Adaptive Thresholding-Technique based on a stroke the user has to draw across the lesion. A similar concept is used by Jolly and Grady [6] , where a Multi-Region FuzzyConnectedness-approach combined with a random-walker algorithm is applied. An also very sophisticated method was presented by Smeets et al. [7] . The user is required to place two points inside the dataset in order to specify the center and the maximal radius of the tumor. A 3D-levelset method initialized with a spiral scanning-technique finishes the procedure. Despite all these efforts, segmentation tasks are still time-consuming for surgeons themselves, thus analysis and preparation of CT data for pre-operative liver planning is mostly handled by external services, for example MeVis Distant Services [8] .
Method
This article proposes a semi-automatic algorithm which requires one single starting-point provided by the user. It is applicable on a variety of different lesion types, designed for application by the surgeon and tested on lowend hardware to comply with clinical demands. The main focus is set on the design of a satisfactory semi-automatic solution for frequent disease patterns such as liver metastases. For more complicated structures efficient interactive methods are provided to refine the contour appropriately. The algorithm proposed in this paper consists of a well-known Region-Growing approach realized in two dimensions which proceeds on neighbouring slices after performing post-processing steps on binarized masks. The final three-dimensional object is merged out of all two-dimensional binary masks obtained by this procedure and can be corrected afterwards.
Initialization
At first it is necessary to segment the liver. For this preceding task a variety of algorithms were proposed [9, 10] . The set of all voxels classified as liver, denoted by L, serves as a base for the following approach. As a suitable starting input for the segmentation of tumors, the algorithm requires user interaction. A simple marking of the tumor is sufficient. After seeding and starting the Region-Grow algorithm by setting a circle with fixed radius (in this case 5mm) around the marked point, an iterative process starts which processes adjacent slices of the CT dataset sequentially.
Region Growing
The condition which rules the growth of a two dimensional region is essential for obtaining reliable results. A tumor can adopt a diversity of grey-level patterns. This diversity lead to the design of adapted segmentation algorithms for specific disease patterns, such as [11] . The following approach intends to cover all appearances of a tumor and is based upon the fact, that healthy liver parenchyma is depicted very homogenously by modern Multislice-CT scanners. The determination of this grey-level is essential to differentiate tumors from healthy tissue (see Equation 1 and 2).
(1)
A safety-margin σ  is created to cope with grey-level variations inside the liver. (See Equation 3 ). Let K denote the cardinality of the set L of all voxels classified as liver (3) If the grey-level of a voxel is not contained in the interval
(the factor ρ is determined heuristically out of the selected starting region), the position of this voxel will be classified as conspicuous for belonging to a tumor. In this case the region is allowed to grow if the voxel is contained in L. This is done by adding the checked voxel to the current region. After binarization post-processing is required to keep up a consistent object.
Post-Processing of Binary-Masks
The assumptions and procedures mentioned above include the segmentation of vessels located next to the tumor. In order to guarantee the convergence to a compact threedimensional object, the algorithm has to split off excentric components or artifacts connected with the main component. Conventional morphological operations frequently fail to produce satisfactory results, because many erosions are needed to split off undesired components. Especially for rather small objects, this can lead to the total elimination of the tracked component. Instead a shape-based approach was considered. Therefore a distance transform algorithm [12] is applied to the current binary mask obtained by the previous region-growing step (see Fig. 1 ).
(a) (b) Based on the distance map D, where D(x,y) denotes the minimal distance of the binary point (x,y) to its contourboundary, gradients of D are computed numerically by symmetric differences. Thereafter, shape-descriptive points are identified according to simple criteria. Either every point of the binary mask is checked for a local maxima condition (see Equation 4) or the absolute gradient value for this position is calculated (see Equation   5 ) and thresholded at a fixed level ε.
Points fulfilling the maxima condition (see Equation 4) or will be considered as shape-descriptive for the current binary mask. The procedure to detect and split off artefact patterns is visualized schematically in Fig. 2 . In order to split off artefact-components successfully, regions have to be identified, which are indicating a very excentric shape. The proportion of contour distances D(x,y) between test-points (see Fig. 3 , indicated green) to the point with maximum contour distance (see Fig. 3 , indicated blue) is decisive. Further, two contour points must be related (see Fig. 3 , indicated red) to this test point. According to these points, contour sections can be formed (see Fig. 3 , indicated blue and yellow). If the length-proportion of both contour sections lies above an heuristic threshold a circle with radius D(x,y) will be drawn into the binary mask (see Fig. 2(d) ). The biggest component has to be extracted afterwards to obtain the desired object.
The characteristic shape-property of a tumor is its compactness. Therefore, it is suitable to generate the convex-hull of the resulting binary mask. For this purpose a Graham-Scan [13] was applied as a finalizing task of post-processing. Fig. 4 User correction by using a live-wire tool. After choosing points in between (left), the contour can be closed by selecting a second point on the contour (right).
Interactivity

Correction
Accuracy in segmentation of liver tumors is a critical issue. No semi-automatic algorithm can guarantee the full correctness of the proposed result. Thus, it is obligatory to provide efficient means for correcting the contour where necessary. In order to correct rough deviations the user must specify the real contour for sections where correction is necessary. This is done by selection of one contour point to start correction. The user proceeds with specifying several additional border points until he finishes with the selection of another contour point. Intermediate sections are deleted, whereas the new contour will be calculated with algorithms very similar to common live-wire techniques [14] (see Fig. 4 ). For these purposes the contour of the tumor has to be traced and arranged, preferably in a clockwise order. This task was accomplished by applying Moore-Neighbour Tracing [15] . For small deviations this is rather inconvenient to use. Therefore, simple dragging of the contour is more appropriate. A selected contour point serves as a node for cubic B-Spline Interpolation of the new contour, providing only local support [16] . Thus, the sections of the contour not affected by Spline-Interpolation remain unchanged. The sampling interval for node-selection is based upon the length of the contour.
Slice-Adaption
Changes made by the user on one slice can be transferred and adjusted to adjacent slices to provide more comfort and ease during work. Therefore, the existing contour is duplicated on the next slice and transformed appropriately by means of a specific cost-function calculated from the image data of the new slice. The approach is similar to Brigger et al [17] . At first, the contour is parameterized by a specific set of control points that are allowed to move inside a safety margin (see Fig. 5 , grey area), whose extension is determined by the maximum polar distance of the binary shape. The entire contour will be interpolated with cubic B-Splines using these control points as nodes [17] .
(a) (b) After initialization the contour will be adjusted to new image data according to the cost function Φ (see Equation   6 ) with a derivative free optimizing strategy proposed by Hooke and Jeeves [18] . An iteration consists of moving one control point sequentially, making local greedy decisions on the fly.
Typically, cost functions Φ for optimizing a contour C are structured into an internal and external energy part, weighted with appropriate constants α,β and γ. 
In general external energy (see equation 8) is intended to attract the curve to specific image features. Therefore, a binary edge-map ) , ( y x Ψ of the original image I is calculated with a canny edge detector [19] . Image gradients along the direction of the contour shall be minimized whereas gradients orthogonal to it (
indicate the clear separation of the object and hence should be maximized. In order to obtain equal distributions to the cost function, every component is scaled with a suitable scalar factor λ i (see Equation 8 ).
( ) ( )
Results
For evaluation of the semi-automatic method, the algorithm was applied on 22 datasets with a total number of 56 tumors. Reference boundaries were specified by experienced radiologists. The criteria for accuracy were adopted from the challenge mentioned in [1] , namely average symmetric surface distances and maximal symmetric surface distance. The algorithm was evaluated on a Tablet-PC with touch-screen. The maximal amount of memory available was 1 GB, CPU was a Pentium M clocked at 1.5 GHz. In all cases semi-automatic tumor segmentation was a matter of several seconds, on average 8 seconds per tumor, depending on the size of the tumor and the slice-distance of the processed CT data. In about 60% of the cases, average symmetric surface distance was below 2mm (see table 1 ). After finishing the semiautomatic method, interactive corrections were made. The following evaluation assesses only the accuracy of the semi-automatic method, because manual delineations are always subject to intra-and interobserver variability [20] . In comparison to existing methods, the algorithms performs well, which can be seen by the high precision the algorithm achieved (see Table 1 ,2 and 3 and Fig. 6 ). It is obvious that no algorithm produces fully trustable results without user correction on a wider range of datasets. This proves the need for interactive schemes to gain correct results. To reduce amount of user input, an effective method for reusing user-information is presented. On average contour adaption was performed below one second for the adjustment of one slice. Changes in new image data are recognized very fast. The contour is transformed to the next slice very efficiently (see Fig.7 (a)-(b) ). (a) (b) Fig. 7 (a)-(b) The result on one slice can be transferred and adjusted to the next slice by contour-optimizing described in section 4.2
Conclusion
The proposed method is fast enough to withstand clinical demands. The algorithm performed well on low-end hardware and shows satisfactory results suitable for usage by surgeons. In some cases user interaction is required to achieve high accuracy. In order to prove the usability of the proposed refinement concept, the algorithm is integrated in an intuitive user-interface. Within a current running clinical evaluation, the algorithm is tested by surgeons just before treatment is going to start. This might reduce costs because no external service has to be consulted for this task.
It has to be considered the fact that this approach uses different validation data than those mentioned in table 3, who are based on the MICCAI-Grand Challenge II data. Due to availability problems the method presented here was validated on random data provided by highly reputed clinics and was used for real surgeries. However, an algorithm performing well on a random sample with a small amount of datasets does not guarantee high or low accuracy in other cases. The MICCAI Grand Challenge II also had to face this problem.
Altogether, a method is proposed that does not need interactive correction at all for most cases. Tumors of the liver can be segmented easily and fast. In fact, this approach shows that rather simple thresholding techniques like the one presented in this paper can compete with very elaborate methods with high mathematical and computational complexity. Hence a possibility is offered to accomplish preoperative planning of liver-resections by surgeons themselves. This includes measurement of tumor-volume as well as appropriate visualization of the tumor (see Fig. 8 ).
(a) (b) Fig. 8 Visualization of the tumor (a) with opaque liver (b) positioned within three orthogonal CT-slices.
